Abstract-This paper proposes decentralized feedback controllers with plug-and-play capability for a class of smart lighting systems. In these systems, each light fixture has a spectrally tunable light source and a multichannel color sensor, and no communication is required between fixtures. Further, the light transport in the illuminated space is diagonally dominant, i.e., the light sensed by each sensor is primarily from the source in the same fixture. The controller design problems are formulated and solved for two cases of decentralized setpoint tracking and decentralized quadratic optimal control (with tracking error and energy penalty). For the decentralized setpoint tracking problem, a mechanism is proposed to automatically determine the feedback gains using individual sensor measurements in a plug-and-play fashion without the knowledge of the light transport model of the illuminated space. For the decentralized quadratic optimal control, the design problem is approximated with a series of local optimization problems, which are solved in a decentralized manner using individual sensor measurements. A suboptimality bound for the solution of the approximated problem compared with the global optimum is obtained. The performance of the suggested controllers in terms of achievement of a desired setpoint and daylight harvesting for energy saving is validated and evaluated based on typical lighting parameters in a room-scale experimental testbed with light-emitting diode fixtures and color sensors.
I. INTRODUCTION
W ITH RECENT developments in the solid-state lighting industry, smart lighting systems are becoming a reality. Smart lighting systems combine advanced light sources [light-emitting diodes (LEDs)], advanced color sensors, and control algorithms to achieve energy efficiency, enhanced productivity, health, and comfort. These systems adaptively adjust the lights in response to ambient light, user preferences, and utilization of the illuminated space using feedback control. While the use of sophisticated feedback control methods holds tremendous potential benefits, such as higher energy efficiency and lighting quality, substantial effort for commissioning of such lighting systems is required. In the building industry, commissioning for lighting systems refers to all activities required by the controller to operate the system according to the design intent [1] . For a simple computerized ON/OFF lighting controller in an office building, commissioning can be as simple as ensuring that the lights are OFF after a certain hour in the building. However, with more advanced control approaches, the commissioning job becomes more complex.
In the existing literature on lighting control, the feedback controller design problem is typically posed as an optimization problem adjusting the individual light intensities to minimize energy consumption subject to task illumination requirements, varying ambient lighting conditions (e.g., daylight harvesting), and occupant locations [2] - [8] . The design procedures in these methods require the knowledge of the light transport model in the illuminated space. Therefore, the proper choice of the controller gains requires identification (ID) of the light transport model parameters as a commissioning step, which is usually carried out by a lighting technician. This model (re)ID process is required at the time of installation as well as every time the system undergoes a significant change, such as altering the layout of the space or changing the number of lights.
To avoid significant model ID effort, Wen and Agogino [9] , Caicedo and Pandharipande [10] , Koroglu and Passino [11] , Bhardwaj et al. [12] , Pavlic [13] , and van de Meugheuvel et al. [14] have studied the design of self-commissioning and plug-and-play feedback controllers for lighting systems. In [9] , a plug-and-play algorithm is proposed that achieves daylight harvesting using a wireless sensor network with Microelectro mechanical Systems-based sensor nodes. Caicedo and Pandharipande [10] present an energy optimization framework based on distributed linear programming using local illuminance and occupancy measurements and local communication. In [11] , a distributed control method (termed Illumination Balancing Algorithm) to achieve a uniform light field for a lighting system with cross illumination using local communication is presented. In [12] , a distributed lighting control method based on the luminaire illumination model and user preferences is presented, and its performance in two indoor lighting scenarios is demonstrated. In [13] , an algorithm for solving nonlinear optimization problems with linear constraints using physical stigmergy is proposed and a lighting example is studied. In [14] , an asynchronous decentralized controller based on proportional-integral design is proposed and its performance in two cases of stand-alone and networked control is studied. Reference [14] addresses asynchrony between agents in the decentralized lighting control problem by explicitly incorporating it into the light transport model; however, the proposed stability criterion for this controller requires the knowledge of the entire light transport model. In general, either state-of-the-art literature assumes local communication to achieve stability [9] - [11] , or guaranteeing stability requires knowledge of the entire light transport model [12] - [14] .
This paper proposes two plug-and-play decentralized feedback controllers for a class of smart lighting systems with the following properties. The system is assumed to have a set of light fixtures consisting of a spectrally tunable light source and a color sensor, with no communication between fixtures. Also, the fixtures are assumed to set their source illumination level and perform the sensor measurements synchronously (an asynchronous system is studied in [14] ). Finally, while there may be cross illumination in the system, the measurement of the sensor in each fixture is assumed to be mainly due to the fixture's own source. This results in a system with limited cross illumination between the fixtures, similar to the system described in [11] . This property was based on the experimental evaluation of the light transport in the room-scale testbed in [2] .
Based on these properties of the smart lighting system, this paper presents the controller design formulation for two cases of decentralized setpoint tracking and decentralized quadratic optimal control (with tracking error and energy penalty). For decentralized setpoint tracking, the feedback gains are derived using local information measured by individual sensors, and a plug-and-play procedure to automatically calculate the gains is proposed and experimentally validated. For the decentralized quadratic optimal control, the design problem is approximated with a series of local optimization problems and solved locally using individual sensor measurements. A suboptimality bound for the performance of the approximate local controllers compared with the global optimum is obtained and verified experimentally. For both cases, experimental implementation of the controllers in a room-scale testbed with LED fixtures and color sensors in the presence of varying ambient light is included to demonstrate the controller performance under realistic conditions. The contribution of this paper is the development of control algorithms for a class of smart lighting systems, their performance analysis, and experimental validation on a room-scale testbed. This paper extends [15] on several aspects including: generalization of the design methodology to plants with positive definite light transport matrices (LTMs), inclusion of new experiments that capture realistic daylight profiles, derivation of analytical suboptimality bounds and an in-depth study of the role of energy penalty for the decentralized quadratic optimal controller, and a robustness analysis for the plug-andplay procedure. This paper is organized as follows. Section II describes the light transport model, defines the control problem, and presents a centralized solution. Section III presents the solution for the proposed control problem for two cases of decentralized setpoint tracking and decentralized quadratic optimal control. Section IV introduces the adaptive lighting testbed and presents the experimental results of implementing the controllers in this testbed. Finally, the conclusions interpreted from this research are outlined at the end of this paper.
II. PROBLEM FORMULATION

A. Light Transport Modeling
Consider a space with n light fixtures, each with p adjustable intensity channels represented as a vector u i ∈ R p for the i th fixture. Let each entry in u i be normalized to the range [0, 1]. Assume there are m color sensors in the space. Each sensor measures the red, green, and blue (RGB) components of the incident light, denoted by the vector y j ∈ R 3 . Assuming p = 3 for all the fixtures, the lighting system model characterizing the input-output relationship at each sampling instant is
where y ∈ R 3m is the stacked output sensor measurement vector, u ∈ R 3n is the stacked input light intensity control vector, G ∈ R 3m×3n is the LTM [16] , w ∈ R 3m is the effect of the ambient light on the sensors, and v ∈ R 3m is the measurement noise vector. A more detailed derivation of (1) is presented in [2] . Sometimes, nonlinear performance of the LED drivers results in a nonlinear input-output mapping for the lighting system. However, this can easily be compensated since the driver performance is typically deterministic, allowing for an overall linear model. Further, we ignore the temporal dynamics rising from LED drivers in this paper since these dynamics are typically at much higher rates than the control update. We note the following important properties of G. P1 (Entries of G Are All Positive): Each element in G represents the amount of light received by a specific sensor in the system from a specific source, and is therefore, positive.
P2 (If Each Fixture Has a Collocated Sensor and Source, G Is Symmetric):
Since the sources and corresponding sensors are in the same location, the effect of the i th light source on the j th sensor is equal to the effect of the j th light source on the i th sensor for arbitrary i and j because of ray tracing. This is shown in Fig. 1 .
P3 (The Illuminated Space, the Sources, and the Sensors Can Be Designed So That G Is Diagonally Dominant):
The entries in different columns of the i th row in G represent the amount of light from the corresponding sources measured by the i th sensor. If the light received by each sensor from the fixture's own source is larger than the sum of the light from all the other fixtures, G will by definition be diagonally dominant. Note that diagonal dominance is not by default true for all lighting systems. The distance from other fixtures, spatial orientation, and cone angle of both light sources and sensors need to be chosen carefully for diagonal dominance to hold. In this paper, we assume these factors are taken into account during the design of the lighting system and the space. We discuss the diagonal dominance of our testbed in Section IV-A.
Remark: Based on P1-P3, G is positive, symmetric, and diagonally dominant, and thus positive definite.
B. Control Problem Definition
Similar to [2] , the feedback controller design problem for lighting systems is defined as determining the LED fixture intensities to minimize a cost function subject to a comfort constraint. The cost function is the weighted sum of a quality metric and an energy metric. Thus, the input to the lighting system can be derived from solving
where y d denotes the sensor measurements from the desired light field, y(w) denotes the sensor measurements from the room (including the effect of ambient light, denoted by w),
is a metric defining the quality of the generated light field compared with the desired light field, α is an adjustable energy weighting coefficient, μ E (·) is a metric representing the energy consumed by the fixtures, F(·) is a function characterizing the comfort of the generated light, and S is a set of comfortable lighting conditions. Since w is unknown and time-varying, feedback methods are needed to solve (2) online. In this paper, it is assumed that y d is given based on predetermined comfortable lighting scenarios, and the comfort constraint is omitted.
2 , the optimization cost function is obtained as
In [2] , a centralized gradient-based method to minimize J is proposed. This method obtains the control input as
This method is not suitable for plug-and-play realization, because the design of K and L requires the knowledge of the entire LTM. This means every time a new fixture is added to the system or the space layout changes, a complete model re-ID is required to obtain the new gains. Furthermore, the implementation of this controller is not feasible without communication between the fixtures since K and L may not be diagonal. For the rest of this paper, we will focus on the design of diagonal K and L, where the diagonal entries of K and L are obtained from individual sensor measurements without requiring the knowledge of the entire LTM. Further, we will omit the term decentralized from the decentralized setpoint tracking and decentralized quadratic optimal controllers for brevity.
III. DECENTRALIZED FEEDBACK CONTROL
A. Setpoint Tracking Control
In this section, the energy metric in (3) is omitted (α = 0). This essentially makes the control problem a setpoint tracking problem, where the controller aims to achieve y → y d . For the remainder of this paper, we assume that each fixture has a single light source and a single sensor (m = n), with three source channels and three corresponding sensor channels, and each source channel in each fixture has access only to the measurements of the corresponding sensor channel and is independently controlled from other channels and fixtures. Further, we assume that the entire system is synchronized, i.e., all the fixtures make their sensor measurements and set the intensity levels in their sources at the same time. A method to carry out the synchronization when a new fixture joins the system is described in Section III-B. The plant model and the control law are given by
where y k ∈ R 3n , u k ∈ R 3n , and e k ∈ R 3n are the sensor measurements, source channel inputs, and error at kth time step, respectively.
, where D(a ii ) for arbitrary a ii is a diagonal matrix with the i th diagonal entry equal to a ii . The controller design problem is defined as finding K such that the closed-loop system is stable and converges to the global minimum of the cost function. From (5), assuming that v k = 0 and w is constant, the evolution of the error is
Thus, if (I − GK) is Hurwitz, e k and J k asymptotically converge to zero. The stability of (I − GK) can be guaranteed by eigenvalue placement of GK. Here, two solutions are proposed. Note that w can be assumed to be constant because of the large timescale difference between the control update rate and ambient daylight changes.
1) Using Global LTM (G):
A constructive proof for existence of a stabilizing diagonal matrix K for an arbitrary square matrix G has been suggested in [17] for discretetime systems. The only condition on G is that it has to have a nested sequence of nonzero principal minors. This method recursively solves a root locus problem constructed using principal minors of G with different dimensions to obtain K . The complexity of this method and its requirement for knowledge of the entire LTM makes it inconvenient for plug-and-play realization. We will not study this method in this paper, though it is encouraging to note that there always exists a stabilizing decentralized controller K , no matter how large the cross-illumination effects are.
2) Using Local Light Transport Information:
In order to determine K without identifying the entire G, the following theorem is proposed for closed-loop stability.
Theorem 1: Let G be positive definite and 0 < k ii < (2/ j g i j ). Then, the closed-loop system is stable, and
To prove this theorem, we will use Perron's theorem [18] and the following lemma from [19] .
Lemma 1: Let A and B be Hermitian nonnegative definite n × n matrices. Assuming that the eigenvalues are real and ordered as λ n (.)
Proof of Theorem: We will show that given the conditions of the theorem, all the eigenvalues of I − GK lie inside the unit circle. First, all the eigenvalues of GK are real due to both G and K being symmetric and positive definite. Thus, we only need to show 0 < λ i (GK) < 2. Based on the above lemma, all the eigenvalues of GK are positive since
(GK) i j = κ and since it is assumed that 0 < κ < 2, the proof is complete.
Remark:
since it bisects the range of acceptable gains k ii .
B. Plug-and-Play Determination of Controller Gains
The stability condition in Section III-A2 can be used to determine k ii in a decentralized fashion without the need for a full ID of G, since k ii = (1/ j g i j ) where j g i j is the measurement by the i th sensor when all the lights are turned ON to their maximum level [u( j ) = 1 for all j ]. The following procedure is proposed to perform this task. First, all the lights are signaled into an ID mode. The input in this mode is chosen as [1, . . . , 1] T for all the sources. The sensor measurements for this input are
Therefore, the controller gain for the i th channel is the inverse of the i th channel's measurement (y(i )) in the ID mode. Every time that the decentralized feedback gains need to be obtained, for example, as a result of a new light fixture (together with its sensor) being added to the system, this process can be repeated for a plug-and-play decentralized controller. Fig. 2 shows the different stages of our proposed gain determination procedure using a group of nine light fixtures. The method has four stages, which occur during four consecutive time steps of the control signal update.
Stage 1: All but one newly joined light fixture are ON and in closed-loop operation.
Stage 2: The newly joined fixture sends out a primary ID request, in this case a red LED light pulse, to notify its close neighbors of the need for a gain determination. Using our procedure, only the fixtures that receive either one of the ID requests turn fully ON (instead of all the fixtures), which may influence the stability properties of the controller. It can be shown that for the i th sensor, as long as the value of g i j with j corresponding to the fixtures that participate in the procedure is larger than g i j corresponding to fixtures that do not participate, the obtained controller is stable and will converge to the cost function minimum. This has implications on the threshold for the detection of the ID requests. In general, a lower detection threshold obtains a higher stability margin.
Synchronization: In order to achieve synchronicity assumed in (5), the plug-and-play procedure is carried out in the following fashion so that the new fixture is synchronized to the existing fixtures. After sending out the primary ID request, the recently joined fixture reduces the integration time for its sensor to its minimum possible value and awaits the secondary ID request to be sent out by its neighbors. The sensing of the secondary ID request serves as a trigger to reset the integration time back to its baseline value. Since the integration time for the sensors is typically adjustable in a wide range of values (between 2.4 and 700 ms in our testbed), choice of a large baseline integration time results in a synchronized system.
C. Quadratic Optimal Control
Energy efficiency is a key aspect of smart lighting systems. Thus, we propose a quadratic optimal decentralized control method where the α in (3) is nonzero. The plant model is the same as (5) and the decentralized control law is
where
1) Global Quadratic Optimal Control:
We start by proposing the following theorem.
Theorem 2: Assuming that G satisfies P1-P3 from Section II-A, v k = 0, and w k = w (slowly varying daylight), the closed-loop system with the quadratic optimal controller is stable if
Proof: Similar to (5), let
. The evolution equation for the control input is
Applying Gershgorin's theorem [20] to (I −KḠ) yields
Thus, eigenvalues of (I −KḠ) lie inside the unit circle if
Assuming k ii < (2 − √ αl ii / j g j i ), (13) holds. With this assumption and letting 0 < l ii < (2/ √ α) and G be diagonally dominant, (14) holds. Corollary 1: From (11), if the system described in (10) is stable, the input converges to u ss , where (KG + √ α L)u ss = K y d . Note that sinceḠK is rank deficient, stability does not guarantee convergence to the minimum of the cost function. In fact, the equilibrium point is dependent on the choice of the feedback gains. We propose the following lemma for the choice of K and L to guarantee convergence to the minimum.
and the corresponding output is y
In order for the system to converge to the global minimum of J , i.e., u ss = u * , the following conditions must hold in addition to the stability conditions of (9):
Proof: The proof is trivial and is omitted for brevity. While the above method obtains diagonal K and L that guarantee convergence to the global minimum, it is not suitable for plug-and-play realization since it requires the knowledge of G and y d . Alternatively, a local optimization approach can be used where each of the lights optimizes a cost function based on their local model and local y d . This approach, presented in the following section, may not converge to the global minimum of the cost function in (3).
2) Local Quadratic Optimal Control: In this section, it is suggested that each of the light fixtures locally optimizes the cost function defined as J i = e i 2 2 + α u i 2 2 , aiming to approximate the global cost function in (3) by their local cost functions. Using a gradient-based optimization method similar to [2] to minimize J i , the k ii and l ii are obtained as
Assuming that G is diagonally dominant, the above l ii and k ii satisfy the stability condition given by (9) . Since this controller optimizes the approximated cost function, the converged solution is naturally suboptimal. Next, we present a bound for suboptimality of the local controller compared with the global optimum.
Theorem 3: Let u ss = lim k→∞ u k using the control law given in (16) 
and Q( ) = ( P) T M( P).
Assuming that G is symmetric, J ss − J * can be bounded using the following equation:
Proof: Using the corollary of Theorem 2
This yields
Since G is symmetric
As seen in (17), a larger results in a larger deviation from the optimal solution for the approximate local controller. can be interpreted as a measure of the cross illumination between different fixtures within the space.
IV. EXPERIMENTAL RESULTS
This section presents the implementation of the proposed controllers in the adaptive lighting testbed [21] , an experimental testbed in the Smart Lighting Engineering Research Center, Rensselaer Polytechnic Institute, developed to demonstrate and validate lighting control schemes. Section IV-A introduces this testbed. Sections IV-B-IV-D demonstrate the stability and performance of the setpoint tracking controller, plug-and-play gain determination procedure, and quadratic optimal controller in experiment, respectively. Section IV-E presents a parametric study of the effect of the energy weighting on the lighting quality in steady state from a lighting designer's perspective.
A. Adaptive Lighting Testbed
The adaptive lighting testbed is a furnished 8 × 12 × 8 room with windows and an overhead backlighting unit to simulate a skylight. The room has twelve 7 round downlight LED sources by Acuity Brands [22] . Each light has individually controllable RGB channels (with a normalized input range of [0, 1]). Twelve wireless color sensors by Ocean Optics provide RGB intensity measurements at various locations in the room [23] . A photograph of this space and a schematic showing the locations of the light sources and sensors used for our experiments are shown in Fig. 3 . The sensors are attached to the ceiling near the lights. Only six of the light sources and sensors (the even numbers) are used in our experiments with the other six lights used to replicate daylight.
While the controller uses the raw RGB values from the sensors, the experimental results are presented in the XY Z color space [24] since these values are often of more significance to lighting designers. The XY Z values were obtained by recording the raw RGB data and performing the appropriate transformations obtained from a calibration stage. In this stage, each color sensor was directly placed underneath fixture 6 in Fig. 3 , at a height of 2 2 from the floor. Three setpoints representing a warm (3000 K), a medium (4500 K), and a cool (6000 K) white light were generated using all the fixtures. Then, the RGB sensor readings and the photometric values using an MK350 UPRtek handheld spectrometer were recorded. The baseline data for each of the generated color temperatures, measured by the spectrometer, are shown in Table I . These data were then used together with the individual RGB sensor measurements to obtain a mapping between the RGB values of each of the sensors and the 1931 XY Z color space with Y representing the illuminance in lux.
For estimation of the fixture power consumption, a commercial watt meter was used to determine the power consumption of each of the channels while fully ON. These data were used in the experiments to estimate the power consumption for a given fixture input. For ID of the plant model, G, a least squares calculation with 100 randomly generated data points was used. For validation, the acquired G was used to measure the residual error for a set of 300 samples. The average normalized residual error for this set was 4.64%. Further, the identified G was found to be diagonally dominant where max j {( i = j g i j /g j j )} = 0.9294 < 1.
B. Setpoint Tracking Control
In this section, the results of implementing the centralized controller in (4) with α = 0 and the setpoint tracking controller are presented. This experiment is repeated in the following sections using other controllers for comparison. The desired RGB sensor readings, y d , were obtained by recording the sensor measurements while the input values to all the fixtures were set as [0.52, 0.48, 0.50]. This resulted in Correlated Color Temperature (CCT) = 4277 K and I = 514 lx, measured by the handheld spectrometer at the height of 3 6 from the floor. The total power consumption for this setpoint was 167.33 W. The daylight data were chosen from a digital repository of daylight in Troy, New York, between 6:00 A.M. and 6:00 P.M.
First the centralized feedback control method with α = 0 was implemented. The experiment was carried out for 200 time steps. The results are demonstrated in Fig. 4 . In Fig. 4(a)-(c) , the graphs were plotted using the data from light fixture 3, as a representative of the other fixtures. Fig. 4(c) shows the daylight profile measured by sensor 3 when all the lights were OFF. For the first 40 time steps, the daylight was assumed to be zero to study the convergence of the sensor measurements to the desired values. For the next 144 time steps, the daylight data were used to generate the disturbance profile. As shown in Fig. 4(c) , the bright daylight pattern starts around iteration 70 and ends around iteration 170. The rest of this 144 time steps correspond to before sunrise and after sunset. In the last TABLE II   DIFFERENT STAGES OF THE CENTRALIZED CONTROLLER  IMPLEMENTATION EXPERIMENT AND THE   CORRESPONDING TIME STEPS 16 time steps, the daylight was assumed to be zero to ensure convergence to the steady state before finishing the test. The different stages of the experiment are shown in Table II . Fig. 4(b) shows that the input signals to the light fixture converge within 10 time steps. In the presence of daylight, the channel intensities are decreased for all the three channels in reaction to sensing of the additional light. This does not significantly influence the sensor measurements, as shown in Fig. 4(a) . Finally, Fig. 4(d) shows the total power consumption for the system, which is reduced in the presence of daylight. The amount of power savings depends on the number and size of windows, weather conditions, and other factors. In our experiment, the instantaneous power consumption decreased by 30% for daylight with maximum brightness (around noon).
In the next experiment, the setpoint tracking controller was implemented. The results for this test are shown in Fig. 5 . The controller's performance in this case was almost identical to the centralized controller (Fig. 4) .
C. Plug-and-Play Gain Determination for Setpoint Tracking
In this experiment, fixtures 1-5 started operating in closed loop using the setpoint tracking controller while fixture 6 was initially OFF. Within the first 11 time steps, the sensor values for fixtures 1-5 converged to their correspond- ing setpoints. For fixture 6, the RGB values in this time step (0.23, 0.14, and 0.07, respectively) did not converge to their setpoints (0.33, 0.20, and 0.10, respectively), as a result of this fixture being OFF (stage 1 in Fig. 2 ), i.e., there was not enough illumination at this location. The nonzero sensor measurements at this time step are due to cross illumination with other fixtures. At time step 12, fixture 6 joined in and sent out a primary ID request, a red pulse, to determine its decentralized feedback gain (stage 2 in Fig. 2 ). This pulse was detected by fixture 5, which in turn sent out a secondary ID request, a green pulse (stage 3 in Fig. 2 ). The secondary ID request was picked up only by fixture 6. In the next time step, fixtures 5 and 6 both turned fully ON, enabling them to calculate their feedback gain for each channel by inverting its measurement at this time step (stage 4 in Fig. 2 ). Figs. 6 and 7 show the signaling between different fixtures and the overall sensor measurements during this experiment, respectively. The experiment starts in stage 1 and stages 2-4 are denoted with consecutive dashed lines (orange, cyan, and black, respectively).
D. Quadratic Optimal Control
For this section, the centralized controller in (4), the global quadratic optimal controller, and the local quadratic optimal controller were implemented for different values of α. Since the centralized controller and global quadratic optimal controller generate the control input by optimizing the same cost function, it was found that their performances were almost identical (the only difference was the convergence rate). Therefore, we will focus on the comparison of the centralized controller and the local quadratic optimal controller. First, the experiment described in Section IV-B was carried out using the centralized controller with α = 10 4 . The results are shown in Fig. 8 . Except for α, all the other parameters were chosen as described in Section IV-B. As seen in Fig. 8(a) and (b) , before generation of the disturbance light, the input intensities converge to values smaller than Overall RGB sensor measurements before, during, and after the controller gain determination procedure. Before the procedure, fixture 6 is OFF and its sensor values do not converge to their setpoints (the nonzero measurements are due to cross illumination). After the procedure, fixture 6 turns ON and its sensor values converge to their setpoints.
that of the setpoint, leading to the XY Z measurements not meeting their respective desired values. This resulted in the power consumption to be smaller than the case with α = 0 (approximately 150 W instead of 167 W). Therefore, it can be concluded that in the absence of disturbance, penalizing the energy resulted in trading off the quality for the power consumption. This is also true in the presence of disturbance.
The above experiment was repeated for both global and local quadratic optimal controllers. The sensor measurements, However, due to the penalty on power consumption, the input signals for the RGB channels are smaller compared with Fig. 4 , which leads to the XY Z sensor measurements converging to values smaller than their setpoints as well as smaller power consumption. Fig. 9 . Comparison of the evolution of the cost function using the centralized controller, the global quadratic optimal controller, and the local quadratic optimal controller, all with α = 10 4 in the absence of daylight. Note that the steady-state values for the centralized and the global quadratic optimal controllers are almost identical, while the steady-state value for the local quadratic optimal controller is larger than those for the other two. (17) the fixture inputs, and the total power consumption graphs were observed to have similar temporal forms as the ones shown in Fig. 8 . For brevity, these plots were not separately included. Instead, Fig. 9 shows the evolution of the cost function from (3) for each controller in the first 40 time steps (no disturbance). The suboptimality bounds in (17) were verified for these experiments as shown in Table III . CCT of the generated light using the local quadratic optimal controller compared with the setpoint for different values of α.
E. Parametric Study of Lighting Quality
This section focuses on the comparison of the steady-state performances of the proposed controllers for different values of energy weighting, α, in the absence of daylight (the first 40 time steps of the experiment in Section IV-B) from a lighting designer's perspective. Figs. 11-16 demonstrate the steady-state CCT, chromaticity coordinates, illuminance, and power consumption for the proposed controllers. The different values of α are {0, 10 2 , 5 × 10 2 , 10 3 , 5 × 10 3 , 10 4 , 5 × 10 4 }.
In order to better demonstrate the shift in the CCT as a result of changing α, a camera was placed on the floor looking at fixture 5 (capturing the color of the generated light), and another camera was fixed in the top corner of the room (capturing the general lighting condition). Fig. 10 shows an enlarged version of the image captured by the camera at the top corner of the room for the desired lighting condition (setpoint). Miniature images from these two cameras are used in Figs. 11 and 12 for comparison. Fig. 11 also includes the CCT achieved by the setpoint tracking controller. Note that since this method is insensitive to energy penalty (α), only a single datapoint is plotted.
Figs. 13 and 14 show the shift in the chromaticity of the generated light using the centralized, the setpoint tracking, and the local quadratic optimal controllers compared with the setpoint. In general, as the value of α was increased, the generated chromaticity diverged from the setpoint. A similar trend was observed with the CCT and illuminance of the generated light as seen in Figs. 11, 12 , and 15. The benefit achieved by the increase in α in expense of the divergence in color and illuminance is achieving energy efficiency, as observed in Fig. 16 . Also, it was observed that this divergence was larger for the local quadratic optimal controller, resulting in a lower steady-state power consumption.
V. CONCLUSION
The key conclusions from this research are as follows. 1) With appropriate design, the overall performance (steady state and convergence behavior) achieved by a decentralized setpoint tracking controller is equivalent to that of a centralized controller. 2) Simple signaling schemes (light pulses) can be used as ID signals between fixtures to obtain the decentralized feedback gains without the need for model ID or communication between fixtures. This achieves selfcommissioning by making the fixtures plug-and-play.
3) The optimal decentralized feedback gains for tradeoff between light quality and energy consumption depend on the entire light transport map of the illuminated space. To tackle this, an approximate local optimization may be formulated at each fixture and solved using local information. This results in suboptimal performance, and the bound for the suboptimality is a direct function of the cross illumination between fixtures, with larger crossillumination resulting in larger suboptimality.
